The product of convective available potential energy (CAPE) and precipitation rate has previously been used as a proxy for cloud-to-ground ( and times of the year at daily resolution provide a benchmark for more complex proxies and suggest that proxy-based extended-and long-range prediction of lightning activity may be feasible to the extent that precipitation rate and CAPE can be predicted.
Introduction
Lightning flash rate is a defining characteristic of thunderstorm evolution. Cloud-to-ground (CG) lightning impacts societies through deaths and injuries, property damage, wildfires, and air quality (Koshak et al. 2015) . The importance of CG lightning is a motivation for studying how its characteristics vary under climate change and variability. The relation of lightning with climate, whether in the form of interannual variability or long-term trends, is difficult to infer directly from the observational record because high-quality, spatially-complete lightning datasets are often relatively short. Moreover, observational data can at best provide circumstantial information about expected lightning characteristics in climates that differ from the one in which observations are collected, be they future climates or ones in other regions.
Lightning activity in general depends on the dynamics and microphysics of convective clouds, and this dependence has been modeled with varying levels of detail and complexity. Lightning occurrence and flash rates can be simulated with considerable fidelity and realism by combining electrification and lightning parameterizations with models of atmospheric dynamics and microphysics (Mansell et al. 2005; Kuhlman et al. 2006; Fierro et al. 2013) . Lightning rates have also been related in a more empirical but effective manner to cloud properties, microphysical parameters, and updrafts generated by convection permitting models (McCaul et al. 2009; Yair et al. 2010; Lynn et al. 2012) . Alternatively, lightning flash densities can be diagnosed from the output of convective parameterization schemes in models that do not explicitly resolve clouds (Allen and Pickering 2002; Lopez 2016) . Stolz et al. (2017) parameterized storm-scale total lightning density using environmental variables from reanalysis and aerosol data.
However, detailed cloud and microphysical properties are not always readily available from reanalysis, seasonal forecasts, or climate change projections, and are themselves uncertain. There-3 fore, simple proxies for lightning that depend on a few, easily available quantities may provide utility for climate variability and projection applications. Romps et al. (2014) proposed the product of convective available potential energy (CAPE) and total precipitation rate as a proxy for the number of total CG lightning flashes. The application of this proxy to climate change projections predicts a 50% increase in United States lightning strokes over the 21st century. An attractive feature of the Romps proxy is that there is some theoretical understanding of how its constituents are modulated by short-term climate variability (e.g., ENSO; Ropelewski and Halpert 1987; L'Heureux et al. 2015; Allen et al. 2015b ) and long-term change (Held and Soden 2006; Seeley and Romps 2016) . Also, its ingredients are standard outputs of many seasonal and subseasonal dynamical forecasting systems and could be used to make extended-range forecasts of lightning activity (Dowdy 2016; Muñoz et al. 2016) . Analogous approaches have been used to relate tornado and hail activity with nearby meteorological quantities at monthly and daily resolution (Tippett et al. 2012; Allen et al. 2015a; Tippett et al. 2016; Westermayer et al. 2017) . A caveat of empirical proxy-based approaches is that good performance in the current climate does not guarantee good performance in future climates (Stainforth et al. 2007; Camargo et al. 2014 ).
The goal of this work is to assess the extent to which the ingredients of the Romps proxy, precipitation rate and CAPE, capture recent variability in CG flash counts over the contiguous United States (CONUS). Of course, assessing the performance of the proxy in capturing observed CG flash counts is a necessary, but not sufficient requirement for its use in applications such as climate projections and subseasonal to seasonal (S2S) predictions, which is our long-term goal.
Importantly, good performance with reanalysis in no way guarantees comparable performance in climate projection or S2S forecast applications. On the other hand, poor performance of the proxy in reanalysis would provide useful indications of its limitations. Also, the choice of the Romps proxy is motivated by the availability of CAPE and total precipitation rate in forecast 4 and reforecast datasets such as those of the NOAA Climate Forecast System, version 2 (Saha et al. 2014; Lepore et al. 2018) , the S2S Prediction Project Database (Vitart et al. 2016) , and the Subseasonal Experiment (SubX) database (Pegion et al. 2018) . However, the CAPE values that are available from forecast models can be sensitive to the choice of parcel and use of the virtual temperature correction. Romps et al. (2014) showed a strong association between daily counts of total CONUS CG flashes and the product of CONUS-averages of precipitation rate and CAPE during a singer year, 2011. Here we use a longer period (14 years) and to see what additional years of data can tell us about seasonal variations in the strength of the association and about the ability of the proxy to capture interannual variability in CG flash counts. Romps et al. (2014) used CAPE calculated from radiosonde data and a NOAA River Forecast Centers precipitation product based on raingauge and radar data. Here we test the quality of the association between CG flash counts and the CAPE-precipitation product when reanalysis products are used instead of solely observationbased ones. Knowing whether or not reanalysis products are sufficiently realistic for this purpose is important because it helps to judge whether such a climate proxy computed from numerical model outputs can be used to forecast or project future CG lightning activity. Furthermore, the use of spatially complete reanalysis data allow us to form the product of collocated CAPE and precipitation rate (denoted CP) on a spatially resolved grid and to examine regional features of the association of the CAPE-precipitation product with CG lightning flash counts.
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Data and methods
a. Data
We use precipitation rate (mm d −1 ) and 0-180 hPa most unstable CAPE (J kg −1 ) data from the North American Regional Reanalysis (NARR; Mesinger and Coauthors 2006) . The most unstable parcel is found by dividing the 0-180 hPa layer into six 30-hPa-deep layers and selecting the one with the largest equivalent potential temperature (no virtual temperature correction). NARR data are provided at 3-hourly resolution. The precipitation rate is based on a 3-hour accumulation.
CAPE is the instantaneous value at the start of the 3-hour period. The data are averaged from their 32 km native grid spacing to a 1 • × 1 • latitude-longitude grid. We choose the 1-degree grid spacing to match that of CFSv2 and SubX data because our long-term goal is S2S prediction.
NARR precipitation estimates show some advantage over ones from other reanalysis products, especially global reanalysis, likely due to its use of precipitation observations which it assimilates as latent heating profiles (Bukovsky and Karoly 2007; Cui et al. 2017 ).
Cloud-to-ground (CG) lightning flash counts come from the National Lightning Detection Network (NLDN; Cummins and Murphy 2009) and are summed on the same 1 • × 1 • grid at daily (UTC) resolution. Only CONUS land points are used in our analysis although both NARR and NLDN data extend over ocean and into Mexico and Canada. We use NLDN data covering the period 2003-2016 (5114 days) during which the NLDN network is complete and stable (Koshak et al. 2015) . There are 9 days with missing NLDN data: 31/12/03, 08/02/04, 08/02/06, 16/01/07, 06/02/07, 18/12/07, 05/12/08, 17/01/09, 16/01/13, and those days are excluded from calculations.
A change in the NLDN Total Lightning Processor (TLP) on 18/09/15 may be responsible for a substantial increase noted in the number of positive CG flashes reported during 2016 (Nag et al. 2016 ).
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Negative and positive (≥ 15 kiloampere; kA) polarity CG lightning flash counts are analyzed separately to examine whether the proxy performance differs for positive and negative flash counts.
Differing proxy performance might be expected since environment, at least at the mesoscale, can affect storm structure and CG flash polarity (Carey and Buffalo 2007) . Total CG flashes were also analyzed but give results that are very similar to those for negative CG flash counts. The threshold of 15 kA for positive polarity flashes accounts for the tendency of the NLDN to misclassify cloud pulses as low-amplitude, positive CG strokes (Biagi et al. 2007; Cummins and Murphy 2009 ).
The new NLDN TLP removes the 15 kA peak current limit for positive CG flashes. Therefore, to maintain more consistency, we apply our own 15 kA filter to the positive CG flashes in 2015 where φ is latitude in radians, and cos φ accounts for the varying grid cell area. The same scaling factor is used in all months and locations. All comparisons between CP and CG flashes use scaled CP, and we drop the word scaled hereafter.
b. Methods
We assess regional behavior by spatially aggregating CP and CG flashes at the level of NOAA climate regions (Karl and Koss 1984) . The states in each region are listed in 
Results
a. Regional scaling of CP and CG flashes
Although CP is scaled to match the CONUS total of CG flashes, the ratio of CG flashes to CP shows distinct regional variations (Fig. 2) , which presumably reflect the differing frequency of rainfall processes and cloud properties that are not accounted for in CP. Also, the spatial variations in the ratio of CG flashes to CP may indicate a role for additional thermodynamic factors such as wet-bulb temperature (Koshak et al. 2015) , mid-level humidity (Westermayer et al. 2017) In fact, there is some expectation that reanal-ysis CAPE might be more representative of large-scale features than would be CAPE computed from radiosonde data, since radiosonde data contain small-scale variability that may not be representative of the large-scale nearby environment. Lepore et al. (2016) found a stronger relation between gauge-measured rainfall extremes and CAPE from reanalysis than with CAPE based on nearby radiosonde measurements. Also, the use of time-averaged reanalysis CAPE and precipitation possibly mitigates the difficulty of using observed collocated CAPE and precipitation that is caused by CAPE being released by convection (Romps et al. 2014) . 3) than does CAPE alone. We note that including precipitation rate has the potential to introduce some dependence on aerosols since rain rate increases with aerosol level (Koren et al. 2012 ).
c. Annual cycle and climatology
CONUS CP and CG flash counts have strikingly similar annual cycles, both at daily and monthly resolution, with peak values in summer and much smaller values in the cool season (Fig. 4) .
The increase in CG occurrence from spring to summer is gradual and followed by a somewhat sharper decay after August (Holle et al. 2016) . Annual cycles at daily resolution are computed by averaging the 14 values (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) (2016) available for each calendar day with February 29 excluded.
The daily resolution annual cycle shows that CONUS CP appears to resolve some sub-monthly features that are likely specific to this set of years. The largest discrepancy between the annual cycles of CONUS CP and negative CG flash counts (clearest at monthly resolution) occurs in July-August when CP values are too low and in September-October when CP values are too high (Fig. 4) . There is also good agreement between the annual cycles of CONUS CP and positive CG flash counts, with a tendency of CP values to be too low in spring (March-May) and too high in summer and early fall (June-September).
The similarity of the annual cycles of CONUS CP and CG flash counts means that some of the variance of CG flash counts at daily resolution explained by CP (Fig. 3) is a consequence of CP accurately capturing the seasonality of CG flash counts. In fact, the annual cycle of CP at daily resolution, a quantity with no year-to-year variation, explains 63% and 52% of the variance of negative and positive daily CONUS CG flash counts, respectively. The annual cycle of CP at daily resolution explains nearly as much variance of daily negative and positive CONUS CG flash counts as do their own annual cycles, which explain 66% and 54%, respectively.
CP captures the annual cycle of lightning occurrence at the regional level and monthly resolution to varying degrees (Fig. 5) . Because a single (polarity-dependent) factor is used to scale CP, the differing performance of CP in matching the relative magnitude and phasing of the regional seasonal cycles provides another indication of the extent to which CAPE and precipitation alone are adequate to provide a statistical description of CG flash counts. For the most part, both the magnitude of the CG annual cycle and its phasing are well-matched by that of CP in regions east of the Rockies. Because the majority of lightning flashes occur in the eastern half of the country, the scaling factor is disposed to match the magnitude there. In the Upper Midwest, where the ratio of positive to negative CG flashes is relatively large, the CP annual cycle is stronger than that of the negative CG flashes, and better matches the annual cycle magnitude of the positive CG flashes. CP overestimates negative CG flashes in the Upper Midwest during July-August and underestimates them in the Plains. The largest differences in annual cycle magnitude are present in the Southwest, Northwest, and West regions where CP is substantially too low compared to both negative and positive CG flash counts. These annual cycle biases indicate that a lightning proxy could potentially benefit from taking into account physical factors that are different in these regions (e.g., warm cloud depth) and that are not captured by reanalysis precipitation and CAPE.
Alternatively, regionally-varying, empirical corrections could be applied to CP as is done to the output of numerical weather and climate prediction models.
CP shows the largest phase errors in the Northwest and West. CP in the Northwest peaks in May-June while CG flash counts peak in June-August and have stronger seasonality (greater peak to trough differences). In the West, CP shows a bimodal structure with a peak in August and a secondary peak in early spring, while CG flash counts have a unimodal distribution with a peak in July and stronger seasonality. CP tends to match the annual cycle of positive CG flashes less well than it does negative ones, especially in the Southeast, Northeast and Central regions where CP overestimates the peak magnitude.
The annual spatial distribution of CP is more similar to that of negative CG flashes than that of positive CG flashes ( (Table 2) , which are months when CP values tend to be too high in the Southeast, Northeast, and Central regions and too low in the Plains region (Fig. 5) . The normalized daily MSE shows a consistent picture with larger relative errors in the months of June through November (Table 3 ). The daily normalized MSE is relatively low during the months of November through April with a median of 24% and 36% for negative and positive CG flash counts, respectively. However, during the months of May through October, the median daily normalized MSE is 66% and 65%, respectively, for negative and positive CG flash counts. Normalized MSE values greater than one for negative CG flashes in September and October indicate that the errors are greater than would result from replacing the daily CP values with the monthly average over the period. Higher daily errors during the months of peak lightning occurrence might be expected to accumulate and limit the ability of CP to capture year-to-year variations of seasonal and annual totals. October (first line of Table 7) , with a tendency toward lower correlations during warm season months (median correlation 0.65) compared to cool season months (median correlation 0.87).
The lower level of correlations during some warm season months is consistent with relatively low correlations and poor normalized MSE at daily resolution during warm season months noted earlier (Table 3) .
At the regional level, correlations between monthly CP and negative CG flash counts are overall higher than those at the CONUS level, particularly during warm season months (May through October) when 87% of the regional correlations are greater than CONUS ones (Table 6) Correlations between warm season CP and positive CG flashes are overall higher than for negative CG flashes over most of the CONUS, with low correlations mostly limited to Florida and states to its immediate north (Fig. 8) . Maps of annual correlations (not shown) are similar to those for the warm season.
Warm season normalized MSE exceeds one in many areas for both polarities, indicating errors that are larger than the climatological variance, especially west of 105 • W where mean biases are large (Fig. 9 ). For negative CG flashes, the warm season normalized MSE east of the Rockies is mostly less than one except in areas that include Wisconsin and eastern Minnesota, the Gulf Coast, and eastern North Carolina. On the other hand, the warm season normalized MSE for positive CG flashes is large across the Southeast and Northeast regions, indicating magnitude miscalibration since correlations are good there (Fig. 8) . The normalized cool season MSE is lower overall than the warm season MSE for both polarities, except in the Northwest and on the West Coast.
Cool season normalized MSE is lower overall for negative CG flashes than for positive ones. Both polarities have large normalized MSE over southern Florida in the cool season. Annual normalized MSE maps (not shown) are similar to warm season ones.
Summary and discussion
We have compared the product of collocated CAPE and precipitation (denoted CP) taken from Daily values of CONUS CP are highly correlated with both positive and negative CG flash counts, explaining more than 75% of their daily variance (Fig. 3) . Some of this association (more than 60% of the variance) is a reflection of the strong seasonal cycles of CONUS CP and CG flash counts, and their good phase agreement (Fig. 4) . However, daily variations of CONUS CP and CG flash counts with respect to their monthly climatologies are still strongly related, but with stronger associations in the cool season (November-April) than in the warm season (May-October) when most lightning occurs (Table 3 ). The normalized (relative to climatological variance) daily meansquared error (MSE) of CONUS values is also larger in the warm season, and this lower accuracy translates into lower interannual correlations (Fig. 7) and higher normalized MSE for monthly totals in the warm season (Table 6) We find that the ratio of CP to CG flash counts varies considerably on a regional basis, with the greatest difference found in the arid Southwest where the ratio of CG flashes to CP is substantially higher than in between regions east of the Rockies (Fig. 2) . The ratio of CG flashes to CP is lowest along the West Coast where there are fewer cloud condensation nuclei and where maritime air masses can penetrate. At the level of NOAA climate regions, despite some errors in magnitude, CP matches the annual cycle in all regions fairly well except the Northwest and West (Fig. 5) .
Correlations of annual CP with CG flash counts at the regional level are generally higher for positive than for negative CG flash counts ( (Tables 6 and 6 The suitability of CP for S2S forecasting cannot be concluded from this study. Further assessment with reforecast data is required (Tippett and Koshak 2018) . However, in principle, the utility of CP for S2S forecasting is at least limited by its performance with reanalysis data and the extent that its constituents can be forecast. The high correlations between CP and CG flash counts across large portions of the U.S. show that this simple proxy captures considerable variability.
Conversely, we have also identified regions and times of the year when CP values are not strongly correlated with CG flash counts, and this weakness suggests the need for improvements in the proxy. The degree to which CP can be predicted in advance is unknown but there are indications that its ingredients, precipitation and CAPE, can be predicted with some skill. U.S. precipitation is already forecast with current forecast systems with some skill at subseasonal (DelSole et al.
2017
) and seasonal (Becker et al. 2014 ) time-scales. However, skill tends to be lowest in the warm season. Seasonal values of CAPE have been demonstrated to be predictable as well (Jung and Kirtman 2016) . On the other hand, even in many locations where correlations between CP and CG 20 flash counts are high, the MSE is also relatively high, indicating that the CP proxy is not calibrated to match CG flash counts. In these cases, there is the potential to correct CP values on a regional basis to match CG flash counts. Alternatively, this lack of calibration can also be interpreted as indicating that the proxy can be improved with the addition of other factors that are important for characterizing lightning activity, though perhaps at the risk of losing its attractive simplicity.
The 14 years of data used in this study are not adequate to answer fully the question of whether CP is useful proxy for long-term climate applications. Over the period of study, the annual number of CONUS CG flashes varied from a high of 2.7 × 10 7 flashes in 2004 to a low of 1.8 × 10 7 flashes in 2012, a range of about 35% of the annual average of 2.3 × 10 7 flashes. However, this variation in the annual number CONUS CG flashes was not well-captured by the CP proxy. This poor performance in describing interannual variability of CONUS CG flash counts does not necessarily mean that this approach is poorly suited to climate change applications but does raise concerns and questions about the applicability of the proxy to climate change applications. Moreover, there are strong indications that CP is missing factors whose variation could be relevant for long-term lightning activity, at least as measured by CG flash counts. Finally, future work in this area should employ all lightning flashes (intra-cloud and CG), which is now possible CONUS-wide due to the recent launch of the Geostationary Lightning Mapper (GLM) on GOES-16. GLM will provide uniform, continuous total lightning observations over the Americas and surrounding ocean areas (Goodman et al. 2013 ). 
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